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Abstract: This paper addresses the challenge of improving decision-making capabilities
and safety in autonomous vehicles (AVs) using Agent-Based Modelling (ABM). The study
evaluates ABM’s effect on Advanced Driver Assistance Systems (ADASs) in challenging
driving situations, like lane merging, by incorporating it into a simulation framework
designed for autonomous vehicles. Identifying emergent behaviours that enhance safety
and efficiency, verifying the efficacy of ABM in AV decision-making, and investigating the
function of hardware acceleration to enable practical application in ADASs are some of
the major achievements. According to the simulation results, ABM can greatly improve
AV performance, providing a practical and scalable means of enhancing safety in future
transportation systems.

Keywords: agent-based modelling (ABM); autonomous vehicles; advanced driver
assistance system

1. Introduction
The advent of autonomous vehicles (AVs) [1] represents a transformative leap in

transportation technology, promising safer, more efficient, and environmentally friendly
mobility solutions. As these vehicles navigate complex urban environments and interact
with each other and their surroundings, understanding their behaviours and impacts
becomes crucial. Agent-based modelling (ABM) [2] emerges as a powerful computational
tool for simulating and analysing the intricate dynamics of AV systems. In recent years,
ABM has gained prominence across various disciplines for its ability to simulate the
behaviour of individual agents within a system, considering their interactions and emergent
collective behaviours. When applied to AVs, ABM offers a unique networking approach to
studying the complex interactions between vehicles, pedestrians, infrastructure, and the
environment, as shown in Figure 1 [3,4]. Vehicular wireless communications and networks
are increasingly recognized as pivotal facilitators for enhancing traffic safety and efficiency.
Numerous proposals have emerged advocating [5] for vehicle-to-vehicle (V2V) and vehicle-
to-infrastructure (V2I) communication, aiming to leverage these technologies to their full
potential [6].

The concept of a car being able to act as an intelligent agent (IA) was first introduced by
World’s Fair, with an exhibition that proposed remote controlled electric vehicles propelled
by electromagnets [7]. The human factor in driving would be eliminated by the 1960s,
with the first truly AVs appearing in the 1980s. Driverless cars are now appearing on our
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roads, with Mercedes-Benz being the world’s first manufacturer to introduce SAE (formerly
known as Society of Automotive Engineers) Level 3 automated driving [8]. The first three
levels (Level 0, 1, and 2) represent support features for the drivers, for example, automatic
emergency braking, adaptive cruise control, and lane centring. On the other hand, Levels 3,
4, and 5 focus on automated driving features like driver-less cars. Whether fully AVs will
be on our roads any time soon, though, is still uncertain due to the high cost of ownership,
public perception regarding safety, and issues with key technology enablers. The term
‘agent vehicle’ is used in this report to denote any vehicle with the capability to make
intelligent decisions based on percepts it senses in its environment.

Figure 1. AV to infrastructure scenario [6].

In recent years, the field of autonomous driving has witnessed remarkable growth,
spanning across various technological domains including radar, cameras, Lidar, object
recognition, high-precision mapping, and navigation technology [9–12]. With its long-
standing involvement in the automotive industry, MathWorks has played a pivotal role
in advancing autonomous driving technology [13,14]. ABM stands out as a powerful tool
within the network landscape, offering unique capabilities to capture the heterogeneity and
adaptability of agents, particularly relevant in the context of AV networking. Unlike conven-
tional modelling approaches which often rely on simplified assumptions or aggregate-level
analyses, ABM enables researchers to depict the diverse behaviours and decision-making
processes of individual vehicles and how they network with other entities within the
environment. One significant advantage of ABM lies in its capacity to simulate various
network scenarios and policy interventions, allowing for a comprehensive assessment of
the potential impacts of AVs on factors such as traffic flow, safety, energy consumption, and
urban planning. By simulating the networking between AVs and their surroundings under
diverse conditions, ABM serves as a valuable tool to inform decision-making processes and
optimize the design and deployment of AV technologies. However, integrating ABM with
AV simulations presents several challenges. These challenges include the requirement for
accurate data inputs, scalability of computational resources, and validation against real-
world observations. Overcoming these hurdles necessitates an interdisciplinary approach
encompassing critical concepts of transportation engineering, computer science, urban
planning, and social science. Hierarchical modelling can be employed. This approach
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involves using high-level, less-detailed ABM for broader traffic flow and detailed agent
interactions only in areas of high interest or congestion. It is effective in reducing computa-
tional load by providing detail where it is most needed, improving simulation efficiency.
However, it results in a loss of detail in less critical areas, potentially affecting the overall
accuracy of the simulation. Additionally, techniques such as leveraging multi-core proces-
sors, cloud computing resources, and distributed simulation frameworks can distribute
the computational load and dynamically scale simulations. This can allow for larger and
more detailed simulations, improves performance, and can be scaled easily with additional
resources. Even with these advantages, they tend to become complex to implement and
manage, may require significant upfront investment in infrastructure, and may introduce
latency in communication between distributed components. Another potential solution
could be to employ an agent aggregation model; this can include methods like macro-agent
models and dynamic agent resolution to reduce the number of entities simulated indi-
vidually by grouping similar agents or adjusting the granularity of agents based on their
impact on the simulation. This technique significantly reduces the number of agents to be
processed, enhancing computational efficiency. However, aggregation can oversimplify
interactions, potentially leading to less accurate or less nuanced results [15–17]. In essence,
ABM offers a promising avenue to enhance the understanding of the complex dynamics
involved in autonomous driving, paving the way for more informed decisions and efficient
implementation strategies in this rapidly evolving domain [18].

The use of advanced driver-assistance systems (ADASs) provides automated driving
features that can drive the vehicle under limited conditions, such as on a highway, to
enhance comfort, safety, and efficiency through automatic intervention in performing the
primary control tasks of the car, such as braking and steering [19]. As automated driving
and connected vehicle technologies continue to advance, significant research has focused
on cooperative intersection control. However, many existing control methods primarily
involve passively observing or predicting the trajectories of approaching AVs, rather than
actively guiding AVs to adjust their approaching trajectories strategically [20]. For instance,
requesting an AV to drive faster when in a hurry may compromise safety and violate
traffic laws, making it an inappropriate performance measure. For an agent to be able to
perceive its environment and act on these percepts, a combination of sensors and actuators
is required. In the realm of artificial intelligence and robotics, an agent refers to an entity
that perceives its environment through sensors and acts upon it through effectors. The
environment is everything that surrounds the agent and with which the agent interacts.
Percepts are the raw data or information that an agent receives from its environment
through its sensors. Actions are the behaviours or decisions that an agent can perform or
execute in its environment. Effectors are the components or mechanisms through which
an agent can affect its environment by performing actions. Sensors are the components
or devices that enable an agent to perceive or gather information about its environment.
For a vehicle, the driving environment will be varied and complex and includes a variety
of different roads, such as highways or narrow streets. The vehicle must be able to share
this environment with road users including other vehicles, bicycles, and pedestrians. The
vehicle must also consider the rules of the road, such as speed limits, one-way systems, and
other laws that can vary depending on where/when the vehicle is operating. The sensors
for an AV will include those used for traditional piloted vehicles (e.g., vehicle odometry
sensors) as well as new sensors to replace the IA that traditionally drives—a human. AVs
use three basic sensors for environment perception: cameras, Lidar, and radar. These
sensors are divided into three groups depending on the sensor range—short, medium,
and long—and a combination of these types of sensors are required to enable an AV to
effectively perceive its environment [21]. Actuators are used to convert electrical command
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signals from computers (i.e., the brain) into a force that enables control of the vehicle.
Actuators are commonly grouped by energy source and common actuators in traditional
vehicles include fuel injectors, spark plugs, and those found in anti-lock braking systems
(ABSs). Many modern vehicles operate at SAE Level 2, where actuators aid a human driver
by providing steering and braking input for smoother driving and in emergency situations.

Another key enabler for the AV is the evolution of wireless communications technol-
ogy. In the last 20 years, 2G technology that supported voice and text communications
with speeds of (0.006 Mb/s) has evolved to low latency and responsive (>1000 Mb/s) 5G
communications suitable for 4K video streaming, smart homes, and supporting the Internet
of Things (IoT) [22]. 5G communications will be essential for supporting communication
between AVs (V2V), as well as communication between vehicles and the ‘smart city’ Intelli-
gent Transport System infrastructure (V2I), as shown in Figure 2. In addition to wide-area
network communications, developments have been made in safety and mobility related
communications technology [23]. Such communication could be used by an AV if it cannot
accurately or reliably perceive its environment due to a sensor fault or operating conditions
(e.g., due to severe weather), with the communications acting in lieu of sensors to ensure
the vehicle can operate intelligently [24]. In contrast to conventional control methods such
as static feedback control, model predictive control, and hierarchical control, ABM offers
unique advantages in capturing emergent behaviours, adapting to heterogeneous agent
interactions, and simulating dynamic environments. This paper explores these distinc-
tions in depth, underscoring ABM’s ability to handle complex multi-agent scenarios more
effectively than traditional methods. These methods are summarized in Table 1.

Table 1. Comparison of traditional control methods and agent-based modelling (ABM).

Feature/Metric Traditional Control
Methods

Agent-Based Modelling
(ABM)

Scalability
Limited in handling
large-scale, dynamic
systems

High scalability with
multi-agent dynamics

Emergent Behavior
Analysis Not explicitly addressed

Explicit modeling and
simulation of emergent
behaviors

Flexibility Predefined rules, limited
adaptability

Flexible and adaptable to
changing conditions

Computational
Complexity

Efficient for simpler
systems

Higher computational
demand but allows
nuanced modeling

Decision-Making
Dynamics Predictive or rule-based

Interaction-aware,
considers agent-level
heterogeneity

Application Optimal for predefined or
predictable scenarios

Suitable for dynamic,
stochastic environments

For split-second, safety critical decision-making and acting, V2V communications
must have low latency and be reliable. Dedicated Short-Range Communications (DSRC) is a
communications service operating at 5.9 GHz that enables short-to-medium-range (1000 m)
V2V and V2I communications with very high data transfer rates. Communications protocols
must enable secure, private, multi-propagation communication and this is currently a key
topic for designers of AVs. Currently, an evolution of the IEEE 802.11p (IEEE 1609) is the
foundation of the European standard for vehicle communication (ETSI ITS-G5) [25].
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Figure 2. Wireless communications environment of an intelligent transportation system [25].

To act intelligently, the AV must be able to choose the best action depending on what
it is perceiving in the environment and its built-in knowledge [26]. Currently, vehicles on
the road are somewhat controlled by both smart infrastructure (e.g., motorway variable
speed limits) and driver assistance features on vehicles (e.g., adaptive cruise control). A key
enabler of AVs will be systems that incorporate not only intelligent roadside infrastructure,
but also utilise the sensing, control, and communications enablers afforded by intelligent
vehicles. A variety of appropriate control methods for AVs exist, as well as the multi-agent
traffic systems they will operate in, including static feedback control, optimal control, model
predictive control, hierarchical control, and more modern AI techniques [27]. Modern
computing power has helped facilitate the increase in AV capabilities and the choice
of control method will depend on the nature of the application. As highlighted earlier,
motion prediction stands as a fundamental aspect within contemporary robotics and
autonomous driving research. Predictably, a variety of methodologies have emerged in
recent years, each presenting distinct characteristics in terms of abstraction level. An
extended literature survey indicates existing motion prediction methods can be categorised
into three distinct silos: Physics-based, Manoeuvrer-based, and Interaction-aware models.
This paper discusses and summarizes related works in Section 2. Section 3 discusses the
methodology adopted and the novel contributions made by this work, followed by system
design and architecture with focus on program and configuration in Section 4. Section 5
discusses simulation setup and analysis and its validation.

Motivation and Contributions

This study employs ABM to explore and validate its impact on decision-making ca-
pabilities for autonomous vehicles within ADASs. The system design and architecture
focus on program configuration and simulation setup, ensuring accurate representation
of real-world scenarios. By leveraging ABM, the research aims to demonstrate its effec-
tiveness in enhancing driver safety and support, particularly in lane merging scenarios.
The methodology also examines the practical benefits and considerations of hardware
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acceleration for deploying ABM in ADASs. Given the existing literature, we address the
need for robust solutions centred around the integration of ADASs and AVs into future
transportation systems. By utilizing ABM principles, we aim to analyse the behaviour
and interactions of agents to improve decision-making capabilities for autonomous vehi-
cles. The paper validates the effectiveness of ABM in enhancing safety and reliability in
automated transportation scenarios, particularly focusing on the scenario of lane merging.
Additionally, the paper explores the practical aspects of implementing ABM within ADASs,
including the potential advantages and challenges of hardware acceleration to enable its
deployment in real-world applications.

This paper thoroughly examines the essential requirements and technological compo-
nents necessary for the successful implementation of agent-driven vehicles. This includes
an in-depth analysis of sensors, actuators, communication systems, protocols/messaging
standards, and control mechanisms crucial for enabling autonomous behaviour in vehicles.
This paper as such makes the following contributions:

• The paper presents a comprehensive system design architecture for agent-driven
vehicles, encompassing data flow, functional modules, connectivity mechanisms, and
other critical aspects. This architecture serves as a blueprint for building robust and
efficient autonomous vehicle systems.

• We introduce a novel approach to modelling agent-driven vehicles using MATLAB
Simulink in dynamic systems. It elaborates on the creation of agent-based models and
observes emergent behaviours within these models, providing valuable insights into
the dynamics of autonomous vehicle systems.

• The paper showcases the practical applications of agent-based modelling in driver-
assistance scenarios, such as localization and visualization. Through demonstrations
and case studies, it highlights the effectiveness of agent-driven approaches in enhanc-
ing various aspects of driving assistance systems.

2. Related Work
The rapid development of ADASs promises significant advancements in AV technol-

ogy. ADASs aim to minimize human involvement in driving, except under unexpected
conditions like off-road driving. The evolving capabilities of ADASs have enormous poten-
tial to reduce road traffic injuries, aligning with the World Health Organization’s (WHO)
goal to halve road traffic casualties by the end of the decade. This potential stems from
ADAS’s quicker perception–reaction times, elimination of driver distractions, and mitiga-
tion of human driver conditions such as fatigue [28,29]. AV requirements closely mirror
those of human drivers, emphasizing smooth driving, timely arrival, fuel efficiency, and
safety. These criteria can shift based on specific circumstances, such as opting for a scenic
route or prioritizing speed. Cloud computing enhances these requirements by enabling
real-time data processing and analysis. It is crucial to define performance measures aligned
with user goals rather than dictating specific agent behaviours.

The recent literature on agent-based modelling (ABM) has primarily focused on devel-
oping novel methodologies to achieve optimal routing in response to dynamic demand
requests for AVs [30–35]. Examples include artificial ant colony algorithms employing two
optimal local search strategies, memetic computing approaches, and fuzzy ant colony opti-
mization techniques. ABM represents a system as a collection of agents, characterized by
its flexibility, ability to capture emergent phenomena, and natural depiction of systems [36].
Emergent phenomena often exhibit properties different from their constituent elements,
such as a traffic jam moving in the opposite direction to the individual cars causing it.
Agent-based simulation modelling (ABSM) has proven effective in studying the dynam-
ics of group situation awareness [37]. Comparative studies indicate that physics-based
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models exhibit the least abstraction and are constrained to short-term predictions, which
may lack reliability. Conversely, interaction-aware models operate on a symbolic level,
incorporating different model assumptions to offer more dependable long-term predic-
tions [38]. Manoeuvrer-based approaches fall between these two extremes. Routing is
another pivotal aspect in collaborative agent-based modelling for autonomous driving,
impacting traffic management, efficiency, and safety. Effective routing algorithms optimize
traffic flow by determining efficient paths, minimizing congestion, and reducing travel
time [39,40]. These algorithms also incorporate collision avoidance strategies, enhancing
safety by steering vehicles away from potential collision hotspots or risky manoeuvrers.
Resource allocation within the transportation system is influenced by routing decisions,
as algorithms distribute traffic evenly, optimize road infrastructure utilization, and min-
imize resource wastage. Furthermore, routing algorithms enable adaptation to dynamic
conditions by utilizing real-time data and feedback to adjust route recommendations. They
respond to changes such as accidents or road closures by dynamically re-routing vehicles
to optimize performance and minimize disruptions. Within collaborative agent-based
models, routing facilitates seamless communication and coordination among autonomous
vehicles. By considering the intentions, preferences, and constraints of multiple agents
simultaneously, these algorithms promote efficient and harmonious interactions within the
traffic environment [41,42].

The literature is summarized in Table 2.

Table 2. A summary of the literature.

Paper Summary Technology Gap

[2]

The paper proposes a
buffer-assignment-based
coordinated control method for
managing autonomous
intersections in a connected
vehicle environment. The method
aims to improve the efficiency and
sustainability of intersection
management by assigning specific
crossing spans to vehicles,
controlling vehicle trajectories
using a three-segment linear
speed profile, handling
assignment failures, and
implementing crossing rules for
HDVs to enhance reliability.

Buffer-assignment-based
coordinated control method

Does not consider the occurrence
of real-world incidents, such as car
crashes and mechanical failures,
which are not accounted for in the
current model.

[43]

An autonomous driving system
for a self-driving racing vehicle
application has been described
using a modest sensor suite and
accessible processing hardware.
The system is capable of
identifying objects delineating a
track boundary, mapping the
environment, planning a route,
and delivering control inputs to
a vehicle.

SLAM, nearest neighbours,
minimum curvature path,
PID controller

It discuss AVs, but does not
include discussion about
agent-based modelling.
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Table 2. Cont.

Paper Summary Technology Gap

[28]

The paper provides an overview of
ADASs and their role in advancing
towards autonomous vehicles. This
includes the definition and levels of
automation, challenges in ADAS
development, and geospatial
constraints.

- Their model struggles with varying
weather and lighting conditions.

[31]

A comprehensive literature review of
multi-agent systems (MASs) was carried
out. The review concentrated on smart
grids, MASs, intelligent agents used in
smart grids, and implementation of the
concept of MASs in smart grids.

Multi-agent smart grid

MASs suffer from complexity of
coordination, scalability issues, and
latency issues. Additionally, they do
not discuss AVs.

Recent improvements in ADAS and AV technologies show how important they are
for making roads safer and traffic more efficient by reducing human error and optimising
driving behaviour. It is seen from the literature review that studies in this area focus
on how ADASs can help drivers, especially when the environment is complicated, how
simulation-based methods can be used for modelling, and how AVs behave and interact
in real-life situations. ABM research has led to the development of flexible and dynmic
methods for AV routing that are good at managing traffic flow, avoiding collisions, and
being able to change in real time. This is because many studies have challenges, like not
being able to handle large groups of agents, not being able to be used in the real world, and
not taking into account things like lights and weather. Although agent-based approaches,
such as collaborative agent models, have shown promise in making the best choices for
autonomous vehicles’ routes and how they react to changing conditions, there is still a need
to better understand how different factors combine in complicated traffic situations. This
gap shows that we could use more advanced, scalable models that take into account all the
conditions in the real world and help autonomous agents work together better.

3. System Architecture and Design
To create a model based on the agent concept, we need to show how the content

that sensors perceive (the ‘percept’) is fed into the decision-making centre of the agent, its
‘agent function’, and then how that agent activates actuators. We also need to simulate the
environment itself in order to test the agent’s operation in a number of scenarios, which
ideally involve multiple agents operating simultaneously—as would be happening with an
autonomous vehicle in the real world. Before creating the model, we must also consider
the performance we expect from the agent, ensuring it is rational and ‘does the right thing’.
We must look at the task environment in which the agent will perform, which sets out the
problems it will encounter. The key categories are performance, environment, actuators,
and sensors, which are discussed in the next section.

Figure 3 shows a flow diagram for the different components of the ABM. As can
be seen, the sensors feed the perception and planning system mentioned earlier in the
paper, comparing the sensed environment to the historic map saved already in the system.
By fusing the sensor input (other than ultrasonic, which will only be used for short-
range collision detection), it will look for differences with a saved mapping. This will
allow it to identify its location, whilst also aiding the detection of other vehicles and any
discrepancies in the road infrastructure, such as roadwork obstructions. The camera sensors
provide important data for the prediction module within perception and planning, as the
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camera helps to classify objects around the vehicle, which is vital for using the appropriate
prediction model. Pedestrians will display very different behaviours to motorcycles, so
it is important that objects are classified in order to safely plan the behaviour of the car.
Similarly, cameras allow the vehicle to see when other vehicles are signaling, allowing it to
better predict their movement. Once decisions are made by the perception and planning
system, it instructs the control system to change the position or speed of the car via its
actuators. While this physical manoeuvre is carried out, the sensors continue to review the
position of the car against its surroundings (other objects/vehicles and the road around it)
and give continual feedback to the control system.

Figure 3. Communications flow of agent-based model.

Table 3 presents the notations used in this paper.

Table 3. List of notations.

Notation Definition

AV Autonomous Vehicles

ABM Agent-Based Modelling

V2V Vehicle-to-Vehicle

V2I Vehicle-to-Infrastructure

IA Intelligent Agent

ADAS Advanced Driver Assistance Systems

ABS Anti-Lock Braking Systems

IoT Internet of Things

DSRC Dedicated Short-Range Communications

HMI Human–Machine Interface

ETSI European Telecommunications Standards Institution

AI Artificial Intelligence

PEAS Performance, Environment, Actuators, and Sensors

IMU Inertial Measurement Unit

GPS Global Positioning System

FPGA Field Programmable Gate Array

ASIC Application Specific Integrated Circuit
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3.1. System Environment and Operational Scenario

In delineating the task environment for a state-of-the-art SAE Level 4 AV, we introduce
a structured specification termed performance, environment, actuators, and sensors (PEAS),
as elaborated in Table 4. This framework serves as a foundational guide for comprehending
and tackling the complexities inherent in the AV’s operational milieu. The PEAS framework
facilitates a methodical categorization of the AV’s environment across critical dimensions,
aiding in the selection of appropriate agent designs and implementation techniques specifi-
cally tailored for highly autonomous driving scenarios. Specifically, for the AV environment,
the following information is central:

Table 4. PEAS framework description for SAE Level 4 autonomous vehicles.

Agent Performance
Measure Environment Actuators Sensors

SAE Level 4
AVs

Punctuality Road Type Throttle Lidar
Safety Road Users Brake Radar
Comfort Pedestrians Steering GPS
Fuel Economy Weather Indicators Cameras
Driving Style Laws Horn Telemetry
Law Abiding Lights Odometry

Cabin Controls Microphone
Infotainement
System

Given the complexity of road systems and the diverse array of factors influencing AV
operation, it becomes imperative to categorize the task environment to design effective
agents and implement suitable techniques. The environment in which AVs operate is par-
tially observable, as they cannot fully predict how other road users will behave. Moreover,
it is inherently multi-agent, as vehicles must navigate alongside various other road users,
each with their own goals and behaviours. Additionally, the environment is stochastic,
meaning AVs must contend with probabilities rather than certainties regarding events like
traffic flow and pedestrian movement. Finally, the sequential nature of decision-making
in this environment underscores the importance of recognizing that short-term decisions
made by AVs can have significant long-term consequences, emphasizing the need for robust
planning and adaptability in agent design.

Therefore, the task environment should be categorised in terms of its dimensions to
determine the most appropriate agent design and identify suitable techniques for imple-
menting the agent. For the AV, the environment is as follows:

• Partially observable—the vehicle cannot sense how other road users will behave.
• Multi-agent—the vehicle is competing with other road users to achieve its goals.
• Stochastic—the vehicle is dealing with probabilities of events occurring, not certainties.
• Sequential—short-term decisions made by the agent can have long-term consequences.

Following the discussion on agents and ADASs in the previous section, a system
architecture can be proposed for an AV that can define the operational scenarios as follows:

• Operates at SAE Level 4 under limited conditions (e.g., highway driving).
• Acts rationally, with scope for learning (e.g., user preferences).
• Supports human drivers outside of limited conditions (e.g., off-road driving).
• Is part of a multi-agent network, communicating and negotiating with other road users.
• Responds to hierarchical control from a coordinator, linking road users to the

road infrastructure.
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3.2. Agent Vehicle Program

For the simplest ADAS functionality, such as automatic steering to avoid drifting out
of a lane, a simple reflex agent would be appropriate. These agents act on current percepts
and do not consider any previous percepts, implementing condition–action rules which,
in this example, would be if vehicle-moves-out-of-lane, then initiate-corrective-steering.
This reflex nature also makes these agents suitable for safety-related aspects of ADASs,
like collision avoidance. However, limitations of such an agent are that at no point does
it evaluate its performance against the measures provided. For example, this agent may
be programmed to brake sharply if it sees braking ahead, but at no point does it consider
the consequences of its actions and their impact on the passengers’ feelings about the
trip. Utility is used by agents to choose actions that will maximise its usefulness, and
therefore act rationally. A utility function is used to evaluate its possible actions against
its preferences, before selecting the action that leads to the highest predicted utility. For
example, a utility-based ADAS may determine it is more preferable to move into a different
lane, rather than brake heavily, if it detects traffic slowing ahead to make smoother progress
through congestion. This is clearly a better IA than one acting based on a set of condition–
action rules but is more complex to design and implement. Figure 4 shows a comparison
between a simple reflex agent seen in Figure 4a and model-based utility agent in Figure 4b.

(a) Simple reflex agent (b) Model-based utility agent

Figure 4. Comparison of simple reflex agent vs. model-based utility agent.

3.3. Agent Vehicle Sensor Configuration

For the detection of objects in the environment, a multi-sensor approach that provides
data fusion of camera, radar, and Lidar information enhances the capabilities of AVs
to perceive their environment, compared to using data from these sensors in isolation,
improving accuracy and resilience to adverse weather conditions. A simplified example of
the hierarchy of different sensors, actuators, and communication and control elements is
shown in Figure 5.

Figure 5. Simplified example hierarchy of elements used for sensing, actuation, control, and communications.

The AV must be equipped with an appropriate combination of sensors correctly
positioned for optimal performance, as observed in Figures 6 and 7.
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This also provides a backup system with sensor redundancy and helps overcome
specific machine vision issues on AVs such as vibrations, motion blur, and poor lighting,
increasing resilience to sensor failures and increasing robustness. Improving ADAS safety
is critical to improving public confidence in AVs, especially with media coverage of high-
profile incidents such as a fatality caused by Tesla autopilot failing to detect a truck crossing
its path. Ref. [44] recommends these sensors are oriented in the direction of travel to
accurately detect road users, hazards, road signs, and lane markings. Data from wheel
encoders and an Inertial Measurement Unit (IMU) can be combined with road maps
to supplement Global Positioning System (GPS) data (visual odometry) and improve
the reliability of calculations that determine the position of the vehicle, which is vital
in ensuring the vehicle can accurately and reliably navigate through its environment.
Odometric navigation based on inertial sensors alone is unreliable because of measurement
bias and drift. This is studied in further detail with respect to the Localisation/Navigation
using Lidar data case study in Section 4.2.

Figure 6. Arrangement of sensors on an AV.

Figure 7. Placement of AV sensors and their roles in perceiving the environment.
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The AV sensors and actuators are designed to work in combination to perceive the
environment as shown in Figure 7 and Table 5. Actuators have been broken down from
the vehicle system they belong to (e.g., braking) to provide more detail about how ADAS
functions are implemented. This analysis highlights how an AV can have considerable
ADAS functionality if combinations of even a small number of sensors and actuators, many
of which are already implemented on vehicles, are used. For intelligent AVs, this sensing
and actuation capability can be enhanced through the application of artificial intelligence
algorithms to enhance road safety as the human driver is gradually phased out.

Table 5. ADAS functions and example combinations.

ADAS Function Sensors Actuators

Adaptive Cruise Control Front/Rear Radar Engine Control

Adaptive Headlights Environmental Sensor, Front Camera,
IMU Headlight Servos

Anti-Lock Braking Systems (ABSs) Wheel Speed Sensor Brake Modulator

Brake Assist Brake Pressure Sensor Brake Actuator

Blind Spot Detection Lidar, 360◦ Camera Audible/Visual Alerts via
Human–Machine Interface (HMI)

Collision avoidance Manoeuvre Lidar, Front/Rear Radar Brake Actuator, Electronic Steering

Cross Traffic Alert (CTA) Lidar, Front Radar Audible/Visual Alerts via HMI

Driver Monitoring Cockpit Camera, Steering Wheel
Sensor Audible/Visual Alerts via HMI

Electronic Stability Control (ESC) IMU Brake Modulator, Engine Control

Emergency Braking Front Radar Brake Actuator

Forward Collision Warning Lidar, Front Radar Audible/Visual Alerts via HMI

Intersection Assist Lidar, Front Radar Audible/Visual Alerts via HMI

Lane Following Lidar, Front Camera Electronic Steering, Audible/Visual
Alerts via HMI

Lane Change Assist Lidar, Front Camera Electronic Steering, Audible/Visual
Alerts via HMI

Night Vision Lidar, Front Camera Audible/Visual Alerts via HMI

Pedestrian Detection Lidar, 360◦ Camera, Front/Rear
Camera Audible/Visual Alerts via HMI

Park Assist Systems Radar, 360◦ Camera, Front/Rear
Camera Electronic Steering

Traction Control System Wheel Speed Sensor, IMU Brake Modulator, Engine Control

Traffic Jam Chauffer Front/Rear Radar Engine Control

Traffic Sign Recognition Front Camera Audible/Visual Alerts via HMI

3.4. Data Flow Between Sensors, Processors, and Actuators

Consideration must be given to what data the AV uses to formulate a plan and act
upon it. Research into control architectures for AVs is extensive, with one example being
the ‘sense, think, act’ framework developed by Siemens. A simplified example of the data
perceived from vehicle sensors and the environment and the possible choice of actuators
for a vehicle has been specified in Figure 8. A ‘utility’ block has been added to represent
how the agent is designed to consider how useful its actions will be and how happy
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they will make it. V2V and V2I communications provide the AV with information about
the road network, to enable ADAS capabilities such as alerting it to hazards on the road
ahead, as well as to the status and intentions of other advanced autonomous road users,
allowing for hierarchical control. This scenario delegates control through layers, from a
regional controller providing network-wide guidance to a platoon controller responsible
for the control of a small number of AVs through the execution of manoeuvres like lane
changing, joining other platoons, and keeping a safe distance from other platoon vehicles.
These commands would be implemented by the AV control system, sending commands
to actuators.

Figure 8. Data flow between sensors, controller, and actuators structured using ‘sense, think,
act’ framework.

3.5. ABM Algorithm

Rhe proposed model captures the information of the vehicle physical quantifiers, the
weather conditions on the road–tyre interface, and the psychological state of the driver to
provide driving assistance. The equation of the ABM gives the least time for the driver to
take in the gap, represented by the sum of the time needed to reach the critical point safely,
the time for the length of the autonomous vehicle clearance, and the error time to improve
the efficiency of the scenario. The function is given mathematically as

T(c) = T(t) + T(I) + T(e) (1)

where T(c) is the least time needed to reach the critical point safely, T(t) is the travel time
to the critical point, T(I) is the time for the length of the ABM vehicle clearance from the
intersection core, and T(e) is the error in timing allowance to minimize collisions at the
core of the intersection.

T(t) considers the design model of a vehicle entering an intersection and the weather
conditions of the road to reach the desired gap are computed through simulations and
practical calculations. The function T(t) incorporates the acceleration rates of a vehicle
and the distance to the desired location and time. The basic equation anticipates that the
acceleration of a vehicle is proportional to the force applied to the surface of the road;
it also predicts the friction co-efficient between the road–car tyre interface and gives an
auto-mobile specification in terms of engine power as shown in Figure 9, which comprises
all the algorithms of the ABM. Upon determining the T(t), the least time required to get to
the desired gap (conflict point), the time T(I) can be determined considering the vehicle
type speed and the length. The length of the vehicle is visualized using the surveillance
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cameras. Lastly, the time T(e) increases the efficiency of the ABM, ensuring each vehicle
arrives at the desired point without collisions. The model does not take care of the drivers
who accelerate in an aggressive manner. In such instances, road accidents are more likely
to occur.

The simulation framework used in this study models AVs in a two-lane highway envi-
ronment using MATLAB’s ABM tools. The framework is designed to evaluate the impact of
ABM on ADASs by simulating lane merging scenarios and capturing emergent behaviours.

The simulation begins by configuring the environment parameters, including road
layout, traffic density, and vehicle properties. A two-lane highway is initialized. Each
vehicle is modelled as an intelligent agent equipped with sensors for obstacle detection and
vehicle-to-vehicle (V2V) communication modules.Each agent operates based on a finite
state machine with the following states m of cruising, merging, and evasive manoeuvers.
These states are triggered by environmental conditions and agent interactions. Algorithm 1
summarizes the simulation algorithm:

Figure 9. ABM algorithm.
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Algorithm 1 Agent-based simulation for autonomous vehicles.

1: Initialize environment parameters (road layout, traffic density)
2: Initialize agent properties (speed, position, sensor range)
3: while Simulation is running do
4: for each Agent do
5: Sense environment (e.g., detect obstacles, other agents)
6: Plan action (e.g., adjust speed, change lane)
7: Execute action (update position, velocity)
8: end for
9: Update global environment state

10: Record performance metrics (e.g., collision rate, traffic flow)
11: end while

4. Simulation Analysis and Validation
Agent-based models can be applied to understand traffic patterns from the perspective

of both a road user and network controller due to their capability to model the behaviour of
individual road users as IAs. Understanding the nuances of traffic conditions and variables
is crucial for ensuring the integrity and dependability of our modelling methodology. Traf-
fic flow dynamics are influenced by numerous factors, including road geometry, vehicle
attributes, driver conduct, environmental elements, and infrastructure layout. Through a
meticulous examination of these components and the underlying assumptions, our aim is
to establish a comprehensive framework for interpreting and contextualizing the outcomes
of our simulations. Traffic conditions encompass a wide array of parameters, spanning
from vehicle density and speed distributions to traffic flow patterns and congestion levels.
Key variables such as lane occupancy, vehicle acceleration, and inter-vehicle spacing exert
significant influence on the emergent behaviours observed in our simulations, providing
valuable insights into the underlying mechanisms driving traffic dynamics and facilitating
informed decisions regarding system design and optimization strategies. Our modelling
approach hinges on agent-based simulation techniques, which enable the replication of
intricate interactions between individual vehicles and their surroundings. By representing
each vehicle as an autonomous agent with specific behaviours and decision-making capa-
bilities, we simulate the complex dynamics of real-world traffic scenarios, meticulously
integrating flow elements such as lane changing manoeuvres, merging patterns, and in-
teractions with infrastructure components to accurately replicate vehicular interactions.
The MATLAB ABM toolkit was used to understand the emergent behaviour of vehicles in
a driving scenario when tasked to maintain a safe distance and change lanes safely. The
implemented Simulink model is shown in Figure 10.

The toolbox operates within the context of a simulated traffic environment; Table 6
gives a breakdown of the traffic conditions, variables, and flow elements.

A pool of agents contains two types of agents, each with its own driver strategy and
model of vehicle dynamics. Each vehicle has a driver strategy to check safety, which in
this example is whether it is safe to change lanes by checking the distance to any vehicles
in front. This model could be enhanced by adding more advanced safety checks or a
strategy that places greater utility on behaviours such as smooth driving. Simulink is used
to populate the world with these agents and a broker is used to connect the agents to the
world, sending information back and forth between the two domains. The perception and
localisation subsystem could be modified to include real-world map data to understand
agent behaviour in different traffic scenarios.
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Table 6. Simulated traffic parameters.

Category Parameter Description Value

Traffic Conditions

Density
It defines the no. of vehicles in
the simulated segment of the
road.

10

Speed This the velocity of the
vehicle. 30 km/h

Flow Rate
This is the rate at which the
vehicles pass through a
particular point on the road.

Low

Variables

Vehicle Dynamics
These include vehicle
parameters such as acceleration
and steering.

5 m/s2

Road Geometry

This represents characteristics
of the road such as lane width,
slope, and curvature, which
influence vehicle movement.

3 m width & 50 m radius of
curvature

Flow Elements

Lane Markings

Dividers that separate lanes
and guide vehicle movement.
They can include solid lines,
dashed lines, and arrows
indicating directions.

Dashed lines.

Intersection Types

Elements that define how
vehicles interact at
intersections, such as stop
signs, yield signs, traffic lights,
and roundabouts.

N/A

Obstacles

Objects or conditions on the
road that affect vehicle
movement, such as parked
cars, pedestrians, construction
zones, and adverse weather
conditions.

N/A

Figure 10. Architecture of basic driver strategy to check if it is safe to change lanes.

4.1. Observations of Emergent Behaviour—Highway Ramp Merging

After the system and agents have been defined, the model can be executed to observe
what actions transpire, their cause, and what it means. Several scenarios are simulated to
understand how and when the agents decide to react and what its effect would have on
the environment.
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For lane switch cases, the most prominent responses as the vehicle are either trying to
force itself into the next lane, as seen in Figure 11, or remain at its current acceleration until
it finds another safe opportunity, as seen in Figure 11. We observe in some cases that there
is little space between itself and the front vehicle.

(a) (b)

Figure 11. Two-lane switch scenario where a vehicle switches lane if it is safe to do so. (a) Vehicle
successfully changing lanes. (b) Vehicles cannot change lanes, and continue at their current speed.

Comparing two-lane switches to three-lane cases highlights the evolution of behaviour
in response to simply incorporating another lane. Whereas in former examples we witness
either a lane change or no action taken, for the latter, we witness how two vehicles begin to
initiate a manoeuvre into the same middle lane as shown in Figure 12a, forcing one agent
to rescind its decision and return to its original, safer position, as seen in Figure 12b. Not
only does this illustrate how applying checks only to the adjacent lanes limits what can be
predicted, but it also demonstrates the behaviour’s quick response to divert the AV back
to safety. Despite not resulting in any hazards, this is still a risky situation as it has forced
evasive action from the AV that can be detrimental to the environment in the form of car
accidents or collisions.

(a) (b)

Figure 12. Three-lane switch scenario highlighting the events of two vehicles entering the same
middle lane. (a) Two vehicles are attempting to enter the middle lane. (b) One vehicle is forced to
take evasive action.

Although the behaviour is adapting to its surroundings, and can effectively prevent
major incidents occurring, the range of the sensors and the scope of the checks are not
sufficient to ensure emergency actions do not occur as regularly as they did. This would be
improved by further developing the behaviour to perform more vigorous checks and tests,
broadening the scope of what can be measured, to confidently determine that no risks will
be incurred from its actions.

For merge cases, we witness either a manoeuvre into the main carriageway, as seen
in Figure 13a,b, or a deceleration to adjust itself within its current lane to not collide with
any oncoming traffic, shown in Figure 14a. The latter is due to environmental limitations
because if the AV deems it unsafe to merge, it does not have the road space to continue
cruising in its current lane at its current speed and must respond by decelerating to prevent
collisions. This leads to adverse effects in two-lane situations as it forces other agents
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behind it to slow down, causing congestion, and slowing entry into the carriageway, shown
in Figure 14b. This suggests that improvements could be discovered by trialling new safety
limits, implementing more varied agent behaviour, and testing different world designs to
see how far this decelerating behaviour extends and whether it can be mitigated in any way.

(a) Two-lane merger (b) Vehicle successfully entering the carriageway

Figure 13. Two-lane merge scenario.

(a) (b)
Figure 14. (a) Vehicle forced to decelerate. (b) Traffic result from vehicle slowing down.

4.2. Localisation/Navigation Using Lidar Data

For AVs to safely avoid other vehicles merging onto the highway or when changing
lanes, it is vital that they can accurately determine where they are. The MathWorks
Automated Driving Toolbox was utilized to demonstrate the process of building maps using
real-world vehicle GPS, Lidar, and IMU data for navigation, highlighting the importance of
accurate localization for AVs to safely navigate complex environments. Figure 15 presents a
map displaying the GPS location of the vehicle, showcasing the vehicle’s precise positioning
within its environment. This map is generated using GPS data, which provides latitude
and longitude coordinates, alongside waypoints that establish the vehicle’s planned path
and trajectory.

Figure 16 showcases data captured by the vehicle’s LIDAR sensor, which emits laser
pulses to create a detailed 3D point cloud of the surroundings. This point cloud repre-
sentation includes objects such as vehicles, pedestrians, road signs, and infrastructure,
crucial for the vehicle’s perception and navigation. Additionally, the integration of GPS
data with the LIDAR information enhances localization accuracy, enabling the creation
of an estimated AV path. Such sensor data fusion processes are essential for improving
the AV’s understanding of its environment, ensuring safe navigation and avoidance of
obstacles, particularly when merging onto highways or changing lanes.
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Figure 15. Map displaying GPS location of vehicle.

Figure 16. Vehicle LIDAR sensor data.

Following the second turn, the estimated trajectory significantly drifted from the true
vehicle trajectory due to several reasons. This could be because of insufficient filtering
of noise in the point cloud scans, a lack of strong features in the environment, calibra-
tion difficulties, and significant rotation from the vehicle turning. To improve accuracy,
Lidar point cloud data was fused with the orientation estimation data from the IMU to
improve registration and a trajectory much closer to the ground truth. The data from before
estimation are visualized in Figure 17 and after estimation are shown in Figure 18.

This demonstrates the benefits of sensor fusion previously discussed when specifying
the Agent Vehicle Sensor Configuration to accurately perceive where an AV is in the
environment. For the highway merging studied in the MATLAB ABM, accurate localisation
is required for AVs to determine how close they are in relation to other vehicles to maintain
a safe distance, check if it is safe to change lanes, determine if it is safe to merge onto the
highway, and, in all these cases, change position on the road as desired. None of these
actions would be possible if the AV could not accurately calculate where it is.
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Figure 17. Estimated vehicle trajectory vs. ground truth trajectory before using vehicle.

Figure 18. Vehicle’s IMU data after driving.

5. Role of Hardware in Agent-Based Simulation
A major drawback of ABMs is the long simulation time for large models. ABM has

seen increasing interest in leveraging hardware accelerators to enhance computational effi-
ciency and scalability. To support computationally intensive ABM simulations, hardware
accelerators such as GPUs, FPGAs, and ASICs offer significant advantages. Table 7 summa-
rizes their relative strengths and weaknesses across key dimensions such as performance,
cost, and scalability. For this study, the use of GPUs was considered due to their availability
and suitability for high-parallelism tasks. GPUs enable the rapid execution of floating-point
operations, which are critical for simulating agent dynamics and interactions.

These accelerators, including GPUs, FPGAs, and custom ASICs, offer specialized
architectures that can significantly speed up simulations by parallelizing and offloading
computational tasks. Recent research continues to explore GPUs as powerful accelerators
for ABM. GPUs provide massively parallel architectures with high memory bandwidth,
making them suitable for handling large-scale simulations with complex agent interactions.
Studies have shown significant speed-ups compared to CPU implementations, enabling
simulations in epidemiology, urban planning, and ecological modelling to achieve faster
execution times and higher scalability [45,46]. FPGAs offer reconfigurable hardware that
can be customized to optimize specific ABM algorithms and agent interaction rules. Re-
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cent advancements focus on designing FPGA-based accelerators that balance throughput,
latency, and power efficiency. For instance, FPGA implementations have been successful
in real-time decision-making applications and sensor network simulations, showcasing
their flexibility and performance advantages [47,48]. Custom ASICs provide specialized
solutions for ABM tasks requiring high performance and energy efficiency. Recent devel-
opments include domain-specific designs tailored for genetic algorithms and biochemical
reaction networks within ABM frameworks. These ASICs demonstrate superior perfor-
mance metrics such as low power consumption and high throughput, addressing specific
computational challenges in complex agent-based simulations [49]. The recent literature
highlights ongoing efforts to optimize hardware accelerators for ABM, emphasizing perfor-
mance improvements, energy efficiency, and application-specific customization. Challenges
remain in programming models, hardware integration, and scalability across different ABM
domains. Future research directions may explore hybrid accelerator architectures, advanced
simulation algorithms, and integration with emerging technologies such as AI and edge
computing. Consideration must also be given to how this improved hardware is imple-
mented. Agent-based simulations can be accelerated by making efficient use of hardware
though optimisation of algorithms, for example, the trade-off between precision and speed.
Execution times can be reduced by allowing small errors in results, which can be achieved
by using approximate algorithms. Reducing the number of executed operations is a simple
way to improve execution times. Without optimisation in computer memory, improve-
ments in simulation speed will still be limited by memory layout, even when simulation
code has been optimised through the parallelisation of operations. Independence from
hardware is also advisable, with approaches such as unified memory access that abstract
from the hardware specifics negating the need for model developers to become experts in
working with particular hardware accelerators.

Table 7. Comparison of hardware accelerators for ABM simulations.

Feature GPU FPGA ASIC

Performance

High parallelism;
excels in floating-point
operations for
simulations.

Moderate;
customizable for
specific tasks.

Optimized for
maximum
performance but fixed
design.

Energy Efficiency
Power-intensive due to
high processing
demands.

Highly energy-efficient
for specific workloads.

Extremely efficient but
expensive to develop.

Cost Relatively low cost for
off-the-shelf products.

Moderate cost due to
customization needs.

High upfront
development cost but
low per unit cost.

Flexibility General-purpose and
widely supported.

Reconfigurable for
diverse applications.

Purpose-built for
specific use cases.

Scalability
Suitable for large-scale
simulations; requires
memory optimization.

Limited scalability;
depends on design.

Limited by fixed
architecture.

Latency

Suitable for high-speed
operations but limited
by data transfer
overhead.

Low latency due to
dedicated pipelines.

Minimal latency; ideal
for real-time
applications.

6. Conclusions
In this paper, we have explored the critical challenges faced by AVs and proposed so-

lutions leveraging advanced technologies and simulation methodologies. The investigation
into the system architecture and design of AVs, utilizing the PEAS framework, highlights



Vehicles 2025, 7, 4 23 of 25

the complexity of the operational environment and the need for tailored agent designs. By
categorizing the task environment based on dimensions such as observability, multi-agent
interaction, stochasticity, and sequential decision-making, we lay the groundwork for
effective ABM in highly autonomous driving scenarios. Furthermore, our discussion on
operational scenarios elucidates the multifaceted nature of AV operation, encompassing
rational decision-making, hierarchical control, and multi-agent negotiation. It emphasizes
the importance of agent design choices, from simple reflex agents for basic ADAS function-
alities to more sophisticated utility-based agents for rational decision-making in complex
traffic scenarios. Additionally, the configuration of sensors and actuators in AVs under-
scores the significance of data fusion and redundancy for robust perception and action in
dynamic environments. Through simulation analysis and validation, the efficacy of ABM
in understanding traffic patterns and evaluating emergent behaviours in AV environments
is demonstrated. By utilizing the MATLAB ABM toolkit and Automated Driving Toolbox,
we simulate scenarios of highway ramp merging and localization/navigation using Lidar
data, providing valuable insights into AV behaviour and performance. These simulations
highlight the potential of ABM in informing decision-making processes and optimizing
AV technologies for enhanced safety and efficiency. The findings presented in this paper
underscore the importance of interdisciplinary collaboration and technological innovation
in addressing the challenges of AVs. Standardizing regulations, enhancing data quality,
establishing comprehensive legal and ethical frameworks, adapting infrastructure, and
optimizing hardware utilization are critical steps toward realizing the full potential of
AVs in transforming transportation systems. Future research endeavours should focus
on integrating these efforts to facilitate the seamless and safe integration of AVs into our
transportation networks.
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